There are an increasing number of newer and better therapeutic options in the management of diabetes. However, a large proportion of diabetes patients still experience delays in intensification of treatment to achieve appropriate blood glucose targets-a phenomenon called clinical inertia. Despite the high prevalence of clinical inertia, previous research has not examined its long-term effects on diabetes-related health outcomes and mortality. OBJECTIVE: We sought to examine the impact of clinical inertia on the incidence of diabetes-related complications and death. We also examined how the impact of clinical inertia would vary by the length of treatment delay and population characteristics. DESIGN: We developed an agent-based model of diabetes and its complications. The model was parameterized and validated by data from health surveys, cohort studies, and trials. SUBJECTS: We studied a simulated cohort of patients with diabetes in San Antonio, TX. MAIN MEASURES: We examined 25-year incidences of diabetes-related complications, including retinopathy, neuropathy, nephropathy, and cardiovascular disease. KEY RESULTS: One-year clinical inertia could increase the cumulative incidences of retinopathy, neuropathy, and nephropathy by 7%, 8%, and 18%, respectively. The effects of clinical inertia could be worse for populations who have a longer treatment delay, are aged 65 years or older, or are non-Hispanic whites. CONCLUSION: Clinical inertia could result in a substantial increase in the incidence of diabetes-related complications and mortality. A validated agent-based model can be used to study the long-term effect of clinical inertia and, thus, inform clinicians and policymakers to design effective interventions.
INTRODUCTION
Diabetes is a metabolic disease featuring high blood glucose levels over extended periods. In 2010, 6.4% of the global population was affected, with estimates reaching 7.7% by 2030. 1 In 2012, 9.3% of the US population (29.1 million) suffered from diabetes, with the expected prevalence growing to 33% by 2050. 2, 3 In the state of Texas, diabetes is the sixth leading cause of death with approximately 10.6% of the population impacted directly by the disease. 4 The prevalence of diabetes is disproportionally higher in urban areas in Texas. For example, more than 14% of the population in San Antonio has diabetes, and the prevalence is even higher among certain population subgroups (e.g., African Americans and Hispanics). 4 Previous research has shown that 33% to 50% of diabetes cases are undiagnosed or uncontrolled. 3 This further threatens population health since severe complications such as heart disease, renal failure, and stroke are highly associated with uncontrolled diabetes. 5, 6 Although an increasing number of therapeutic options are becoming available to control diabetes and reduce the risk of severe complications, many patients still experience significant delays in the intensification of treatment-a phenomenon called clinical inertia-which significantly worsens the health outcomes and quality of life for people with diabetes. 7 For patients who are using insulin, clinical inertia means failure to increase insulin doses or change insulin type to achieve the treatment target. 7 A recent European study reported an average time to treatment intensification of 3 years among patients with HbA1c levels greater than 7%. 8 Another retrospective cohort study found that the mean HbA1c value at treatment intensification was as high as 9.7%, which was far from the recommended level of less than 7%. 9 These significant delays in treatment intensification could cause up to 200,000 avoidable diabetes-related complications per year in the USA. 10 Electronic supplementary material The online version of this article (https://doi.org/10.1007/s11606-018-4773-3) contains supplementary material, which is available to authorized users.
Clinical inertia can result from many factors related to providers, patients, and the health care system. 7, 11 In the provider level, clinical inertia can occur due to a lack of knowledge and training, time constraints, or patient health concerns. For example, patients who are cared for by general practitioners were 2.95 times more likely to experience clinical inertia compared to patients treated by specialists. 11 The delay in treatment intensification can occur in the patient level due to, for example, concerns about weight gain and hypoglycemia. 7 Clinical inertia can also be an outcome of system-level factors such as poor access to health care services and expensive new medications. 7 Although previous studies have revealed the high prevalence of clinical inertia in diabetes treatment and its adverse consequences on short-term patient outcomes, 10, 11 to the best of our knowledge, no previous studies have examined the long-term effects of clinical inertia on diabetes-related complications. Also, there is a lack of knowledge on how the impact of clinical inertia would vary by the length of treatment delay and population characteristics. The primary purpose of this study is to determine the long-term impacts of clinical inertia on diabetesrelated complications across different populations using an agent-based model. We focus on San Antonio, TX, a large city with a diverse population suffering from a high prevalence of diabetes. Specifically, we use an agent-based model to test the impact of clinical inertia on the incidence of diabetes-related complications, including retinopathy, neuropathy, nephropathy, and cardiovascular disease (CVD). We also use the model to test the impact of interactions between clinical inertia and population characteristics (e.g., age, race/ethnicity) on the incidence of diabetes-related complications.
METHODS
We developed an agent-based model of diabetes progression to project the long-term health impact of different clinical inertia scenarios for people with diabetes in San Antonio, TX. Agentbased modeling is a bottom-up simulation approach that has been increasingly used to study complex problems such as disease prevention and control. 12, 13 Using agent-based modeling, researchers can examine how individuals in a population behave as a function of their characteristics, their environment, and their interactions with each other.
14 It can provide a powerful simulation lab in which a variety of public health programs, interventions, and policies can be evaluated and compared over a time horizon. When studying chronic diseases, the modeling approach can be used to capture individual health behaviors (e.g., diet, physical activity) and treatment options, as well as other factors (e.g., demographics, neighborhood environment) that may impact the occurrence of the specific condition. 12 As a result, agent-based modeling can be used to evaluate the longterm impacts of different interventions and draw valuable insights on which intervention is more effective on which population 15 (for an in-depth discussion of agent-based modeling for chronic disease, see Li et al. 12 and Nianogo et al. 13 ).
Model Structure
We developed an agent-based model of diabetes for this study taking into account our previous work on agent-based modeling of cardiovascular health. [16] [17] [18] In our previous work, we included seven of the most important risk factors for cardiovascular disease-healthy diet, physical activity, smoking status, body mass index (BMI), blood glucose, blood pressure, and cholesterol level-and captured the interconnected relationship between these factors and the incidence of myocardial infarction (MI) and stroke. 16 In the agent-based model of diabetes, we keep these important risk factors and also include a series of health states representing the development and consequences of diabetes and related complications (i.e., neuropathy, nephropathy, retinopathy, cardiovascular disease).
We use evidence-based equations that guide dynamic changes of individual-level biomarkers (e.g., body mass index, HbA1c) and health factors (e.g., smoking status, hypertension), as well as the impact of these factors on health outcomes. All the equations and model parameters come from critical analysis of existing diabetes simulation models and risk calculators such as the CDC-RTI Diabetes Costeffectiveness Model, the Michigan Model for Diabetes, and the United Kingdom Prospective Diabetes Study (UKPDS) Risk Engine, [19] [20] [21] as well as the best available evidence from the recent literature. The model is implemented by using advanced simulation software-AnyLogic 7. Detailed description of the equations and parameters used in the agentbased model is included in the online supplemental document.
Glycemic Control and Treatment
Diabetes management is focused on the timely and effective management of glucose levels. Thus, it was important for our agent-based model to capture the continuous changes in HbA1c levels and the process of step-wise intensification of treatment for each individual with diabetes. According to the standards of medical care published by the American Diabetes Association (ADA), diabetes patients should have their HbA1c tested every 3 months, which then determines if the individual requires treatment intensification. Thus, the model uses 3 months as a basic simulation time step. At each time step, the HbA1c value is updated based on the status of treatment intensification and other disease-related characteristics (e.g., age, sex, race/ethnicity, and time since diagnosis).
We considered different medication stages for treatment intensification in the model. Specifically, there are four medication stages based on the standards of medical care recommended by the ADA-monotherapy, dual therapy, triple therapy, and combination injectable therapy-and each person can only receive one type of medication during a treatment intensification event. 22 If a person's glycemic level is not controlled for receiving one type of medication, he/she will receive a next stage medication for treatment intensification. We present details for glycemic control and treatment intensification in the online supplemental document.
Model Validation
To ensure the credibility of simulation results, we conducted systematic model validation based on published model validation guidelines. 23, 24 First, we conducted face and internal validation by examining the accuracy of programming code and consulting with experts in diabetes management. We then conducted external and predictive validation by comparing the simulation results from the agent-based model with those published in clinical trials. Specifically, we selected 14 outcome measures from five published clinical trials for model validation. [25] [26] [27] [28] [29] To simulate the outcomes of each of the clinical trials, we generated a population cohort with similar baseline characteristics, which were provided in each of the trials, and then modeled the development of diabetes-related complications for the same follow-up durations as in the trial.
We plotted simulation results against clinical results for the 14 outcomes in one figure to assess the overall validity of our model (Fig. 1) . We conducted linear regression for these outcomes. The slope of the regression line is 0.795 (close to 1), which indicates our model produces similar mean outcomes. The R-squared value is 0.9065, which indicates that our model explains approximately 91% of the variance in the clinical data. Thus, the agent-based model presented satisfactory validity in replicating clinical trials. Detailed validation results are included in the online supplemental document.
Simulation Experiments
We designed simulation experiments to assess the impact of clinical inertia on diabetes-related complications for people with diabetes in San Antonio, TX. We examined how the impact of clinical inertia varies based on different factors, including the duration of clinical inertia, population age, gender, and race/ethnicity. To assess the long-term impact of clinical inertia, we calculated the 25-year cumulative incidences of neuropathy, retinopathy, nephropathy, MI, stroke, and death due to cardiovascular disease (CVD).
For each simulation experiment, we first created 10,000 simulated individuals with diabetes based on the population characteristics in San Antonio. Specifically, we collected data on age, sex, race, BMI, HbA1c, smoking status, physical activity status, and dietary behaviors from the County Health Rankings and the Texas Demographic Center. 30 We then simulated diabetes progression for this population for 25 years and counted the incidences of complications. We replicated each simulation experiment 100 times and calculated the 95% confidence bounds for each outcome to account for uncertainty due to the stochastic nature of the agent-based simulation model.
We projected the incidences of diabetes-related complications for different durations of clinical inertia, including 1, 3, and 7 years. The duration of clinical inertia represented the time that an individual remained in poor glycemic control before the first treatment intensification. We also projected the incidences of diabetes-related complications across different population groups stratified by age, gender, and race/ethnicity under 3-year clinical inertia. Three years is an average duration of clinical inertia in the USA based on a large retrospective cohort study. 9 To assess the extent to which clinical inertia increases the incidence of complications, we simulated a control group with no clinical inertia (no delay in treatment intensification). We performed two-sample t tests on the outcomes of different clinical inertia durations vs. the control group. The two-sample t test is designed to compare the means of two populations while assuming the response variables were normally distributed and the data from both populations have equal variances. In the case of not normally distributed data, we used the Mann-Whitney statistical tests, which use the median to make the comparisons instead of the mean. Figure 1 Comparison of the modeled diabetes-related complication incidence rates to the observed results from published trials. Table 1 reports the incidences of diabetes-related complications for the control group with no clinical inertia and the percent increase in the incidence of complications between the control group and clinical inertia groups for 1, 3, and 7 years. For each simulation run, we used the same characteristics for people with diabetes in San Antonio and only varied the duration of clinical inertia. For the simulated population, the 25-year cumulative incidences for MI, stroke, neuropathy, retinopathy, and nephropathy were 436, 273, 2371, 874, and 2185, respectively. The two-sample t tests showed that there was a statistically significant difference between the control and all clinical inertia groups, in which the clinical inertia scenarios had a higher cumulative incidence for all complications. For example, 1-year clinical inertia increased the 25-year cumulative incidence by 8% (95% CI 4%, 13%), and 3-year and 7-year clinical inertia increased the incidence rates by 35% (95% CI 30%, 39%) and 80% (95% CI 76%, 84%), respectively.
RESULTS

Impact of the Interaction Between Clinical Inertia and Age on the Incidence of Complications
We assessed the impact of clinical inertia on people of three age groups, which include 20-44 years (young adults), 45-64 years (midlife adults), and 65 and older (senior adults). We used two-sample t tests to compare the mean incidences between the control and the clinical inertia scenario of each age group. Table 2 shows that the clinical inertia group had significantly higher incidences on all complications than the control group. We also conducted one-way ANOVA tests to compare the mean percent increase from each clinical inertia group to study the different effects of clinical inertia between age groups. We found that the 65 and older age group was affected by clinical inertia significantly more than the 45-64 age group in the incidences of MI, stroke, and neuropathy by 44% (95% CI 42%, 46%), 44% (95% CI 41%, 46%), and 47% (95% CI 45%, 49%), respectively. The 45-64 age group was also affected by clinical inertia significantly more than the 20-44 age group in the incidences of retinopathy, nephropathy, and complication-related deaths by 18% (95% CI 17%, 20%), 
Impact of the Interaction Between Clinical Inertia and Ethnicity/Race on the Incidence of Complications
We assessed the impact of clinical inertia on people of different races/ethnicities (i.e., non-Hispanic White, African American, Hispanic, Native American, and Asian). We present the simulation results and the two-sample t test results in Table 3 . We found that the incidences of neuropathy and retinopathy for non-Hispanic Whites would increase by 21% (95% CI 19%, 22%) and 19% (95% CI 16%, 22%), respectively, if they experience clinical inertia. Clinical inertia would increase the incidences of MI and stroke by 25% (95% CI 22%, 28%) and 24% (95% CI 20%, 29%), respectively, for the Hispanic population.
Impact of the Interaction Between Clinical Inertia and Gender on the Incidence of Complications
Finally, we assessed the impact of clinical inertia on people of different genders. The results show that clinical inertia resulted in higher incidence rates for all complications for both males and females. Further tests showed that clinical inertia would affect females more profoundly compared to males. For example, the 25-year cumulative incidences of stroke for females and males were 384 and 331, respectively. Also, 3-year clinical inertia could increase the incidences of stroke by 28% (95% CI 23%, 33%) for females and 24% (95% CI 20%, 28%) for males (results are not included in the tables).
DISCUSSION
Clinical inertia is a critical barrier to the effective treatment of diabetes mellitus. Despite its prevalence, there have been few studies on its effects. A clear understanding of the impact of clinical inertia on diabetes-related complications is critical. Computer modeling and simulation has been increasingly recognized as a practical approach to study different chronic diseases such as diabetes. 31 This study, for the first time, uses a flexible, agentbased model to assess the long-term impact of clinical inertia.
We found that clinical inertia could increase the incidence of diabetes-related complications significantly among people with diabetes in San Antonio, TX. Our simulation results were broadly consistent with those of the existing clinical studies, which examined the short-term impact of clinical inertia on diabetes-related complications. 11, 32 We also found that clinical inertia could have different impacts on people of different age groups and races/ethnicities. In particular, people who are 20 Consequently, we are only able to track the cumulative incidence of the first event of diabetes complications. Second, we assume that the treatment intensification decision is only based on the glycemic level of an individual, whereas in reality treatment intensification may be based on other risk factors such as age and overall health. Third, we do not consider potential discontinuation of medication due to a lack of clinical data on discontinuation. In other words, we assume that patients are adhering to their medication instructions. Fourth, we assume that clinical inertia only occurs once, which means once a patient receives treatment intensification, he/she will receive proper treatment based on the ADA guidelines. We will relax this assumption once we have clinical data on patterns of clinical inertia for patients with diabetes. Finally, we did not use the duration of diabetes as a variable in the model, which is consistent with other diabetes simulation models. 20 Despite these limitations, our agent-based model of diabetes, validated by results from multiple large clinical trials, has the potential to evaluate the impact of different prevention and treatment interventions in the future. In addition, we can adapt the model to simulate the impact of clinical inertia on populat i o n s f r o m o t h e r p l a c e s . A s a r e s u l t , t a rg e t e d interventions-such as incentivizing patients for timely diabetes treatment, promoting telehealth technology for improved communication between patients and physicians, and physician education programs-can be assessed before implementation. Clinical inertia could have different impacts on diabetes-related complications across different population groups. Our modeling approach will help tailor interventions to specific populations, which is a necessary step to reduce health disparities and improve population health.
